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In recent years, many solutions to multi-resolution image data fusion have been 
proposed; however, it is difficult to simulate the human ability of image fusion when 
algorithms of image processing are piled up merely. On the basis of the review of 
researches on psychophysics and physiology of human vision, this paper presents an 
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effective multi-resolution image data fusion methodology, which is based on discrete 
wavelet transform theory and self-organizing neural network, to simulate the process ... 

Keywords: discrete wavelet transform, multi-resolution image data fiislon, self- 
organizing neural network 
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Recently we presented a new approach [18] to the classification problem arising in data 
mining. It is based on the regularization network approach but, in contrast to other 
methods which employ ansatz functions associated to data points, we use a grid in the 
usually high-dimensional feature space for the minimization process. To cope with the 
curse of dimensionality, we employ sparse grids [49]. Thus, only 0{hn'^n'^'^) Instead of ... 

Keywords: approximation, classification, combination technique, data mining, simplicial 
discretization, sparse grids 
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l^any different demands can be made of intrusion detection systems. An important 
requirement is that an intrusion detection system be effective; that is, it should detect a 
substantial percentage of intrusions into the supervised system, while still keeping the 
false alarm rate at an acceptable level. This article demonstrates that, for a reasonable 
set of assumptions, the false alarm rate is the limiting factor for the performance of an 
intrusion detection system. This is d ... 

Keywords: base-rate fallacy, detection rate, false alarm rate, intrusion detection 
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We explore the use of the so-called zero-norm of the parameters of linear models in 
learning. Minimization of such a quantity has many uses in a machine learning context: 
for variable or feature selection, minimizing training error and ensuring sparsity in 
solutions. We derive a simple but practical method for achieving these goals and discuss 
its relationship to existing techniques of minimizing the zero-norm. The method boils 
down to implementing a simple modification of vanilla SVM, namely vi ... 
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This paper presents an inverse kinematics system based on a learned model of human 
poses. Given a set of constraints, our system can produce the most likely pose satisfying 
those constraints, in real-time. Training the model on different input data leads to 
different styles of IK. The model is represented as a probability distribution over the space 
of all possible poses. This means that our IK system can generate any pose, but prefers 
poses that are most similar to the space of poses In the tra ... 

Keywords: Character animation, Gaussian Processes, Inverse Kinematics, machine 
learning, motion style, non-linear dimensionality reduction, style Interpolation 
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Developing the ability to recognize a landmark from a visual image of a robots current 
location is a fundamental problem in robotics. We consider the problem of PAC-learnIng 
the concept class of geometric patterns where the target geometric pattern is a 
configuration of k points in the real line. Each instance is a configuration of n points on 
the real line, where it is labeled according to whether or not it visually resembles the 
target pattern. 
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July 2002 Proceedings of the eighth ACM SIGKDD international conference on 

Knowledge discovery and data mining 
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In this paper we address the issue of using local embeddings for data visualization in two 
and three dimensions, and for classification. We advocate their use on the basis that they 
provide an efficient mapping procedure from the original dimension of the data, to a lower 
intrinsic dimension. We depict how they can accurately capture the user's perception of 
similarity In high-dlmenslonal data for visualization purposes. Moreover, we exploit the 
low-dlmenslonal mapping provided by these embeddin ... 
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Three dimensional integration is an Increasingly feasible method of Implementing complex 
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circuitry. For large circuits, which most benefit from 3-D designs, efficient placement 
algorithms with low time complexity are required. We present an iterative 3-D placement 
algorithm that places circuit elements in three dimensions in linear time. Using an order of 
magnitude less time, our proposed algorithm produces placements with better than 
ll&percnt; less wire lengths than partitioning placement using ... 

Keywords: 3-D VLSI, 3-D integrated circuits, Placement 
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Sophisticated computer graphics applications require complex models of appearance, 
motion, natural phenomena, and even artistic style. Such models are often difficult or 
impossible to design by hand. Recent research demonstrates that, instead, we can "learn" 
a dynamical and/or appearance model from captured data, and then synthesize realistic 
new data from the model. For example, we can capture the motions of a human actor and 
then generate new motions as they might be performed by that actor. B ... 
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We present a concurrent hypercube Implementation of a neurophysiological model for the 
piriform (olfactory) cortex. The project was undertaken as the first step towards 
constructing a general neural network simulator on the hypercube, suitable both for 
applied and biological nets. The method presented here Is expected to be useful for a 
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class of complex and computationally expensive network models with long range 
connectivity and non-homogeneous activity patterns. The ... 
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Full text available: pdfj[192,52 KB] Additional Information: M citation, abstract, references 

We consider supervised learning in the presence of very many irrelevant features, and 
study two different reguiarization methods for preventing overfitting. Focusing on logistic 
regression, we show that using LI reguiarization of the parameters, the sample 
complexity (i.e., the number of training examples required to learn "well,") grows only 
logarithmically in the number of irrelevant features. This logarithmic rate matches the 
best known bounds for feature selection, a ... 
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The problem of dimensionality reduction arises In many Fields of information processing, 
including machine learning, data compression, scientific visualization, pattern recognition, 
and neural computation. Here we describe locally linear embedding (LLE), an 
unsupervised learning algorithm that computes low dimensional, neighborhood preserving 
embeddings of high dimensional data. The data, assumed to be sampled from an 
underlying manifold, are mapped into a single global coordinate system of lowe ... 
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^ March 2000 Proceedings of the 2000 ACM symposium on Applied computing - Volume 
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This paper introduces a general Bayesian framework for obtaining sparse solutions to 
regression and classification taslcs utilising models linear in the parameters. Although this 
framework is fully general, we illustrate our approach with a particular specialisation that 
we denote the 'relevance vector machine' (RVM), a model of identical functional form to 
the popular and state-of-the-art 'support vector machine' (SVM). We demonstrate that by 
exploiting a probabilistic Bayesian learning framewor ... 



http://portal.acm.org/resultsxfm?coll=ACM&dl=ACM&CFro=64497934&CFTOKEN^ 1/4/06 



Results (page 1): +"neural network" +rescale 



Page 6 of 6 



Sessio n 5: n ovel interactio n: MAU I : a m ultimodal affective user interface Q 
Christine L. Lisetti, Fatma Nasoz 

December 2002 Proceedings of the tenth ACM international conference on Multimedia 
Publisher: ACM Press 
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jHuman intelligence is being increasingly redefined to include the all-encompassing effect 
of emotions upon what used to be considered 'pure reason'. With the recent progress of 
research in computer vision, speech/prosody recognition, and bio-feedback, real-time 
recognition of affect will enhance human-computer interaction considerably, as well as 
assist further progress in the development of new emotion theorles.In this article, we 
describe how affect, moods and emotions closely interact with co ... 
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